Abstract-An extended Kalman filter (EKF) estimator for the identification of systemic circulation model parameters during cardiac ejection and cardiac filling is described. The estimator is being developed for use in the control of a cardiac ventricular assist device. A lumped element circuit with a time-varying capacitor was used to represent the systemic circulation and the left ventricle. Since the hemodynamic variables that are measurable in patients with impaired cardiac function vary dramatically as the patients move through different levels of care, the estimator was designed so that it can be used with different sets of blood pressure and flow measurements. Preliminary evaluation of the performance of the estimator using data from a computer simulation and from a patient during open-heart surgery is presented. The robustness of the estimator to variations in parameter initialization is also described.
I. INTRODUCTION
V ENTRICULAR assist devices (VAD) are mechanical support systems used in tandem with an impaired heart to reduce its workload. The control of a VAD involves regulation of the output of the device to meet the cardiovascular demand of the patient. Since the hemodynamics of the cardiovascular system reflect the metabolic demand of the body and the pumping capability of the heart [1] , [2] , incorporating hemodynamic parameters into the control of a VAD would facilitate the implementation of an effective control strategy [3] . These parameters are often difficult to measure directly, especially in the chronic setting. Thus, indirect estimation techniques will be required for long-term control. If a mathematical model representing the hemodynamic properties of the cardiovascular system is used, online parameter estimation techniques can be applied to identify the relevant parameters.
For the purpose of VAD control, a cardiovascular model should be able to simulate the left atrial pressure, cardiac output, and arterial pressure of the individual patient. The model should characterize the systemic circulation, which is the load on the natural heart. Since a limited number of variables can be measured, only a relatively simple model can be identified. Previous investigations have shown that simple models are adequate to reproduce the primary hemodynamic variables [4] - [7] . Most of the previous models used in parameter estimation incorporated lumped element approximations to the systemic circulation [6] , [7] , a variable compliance for the left ventricle [8] - [10] , and a constant compliance to represent the pulmonary circulation [11] , [12] . These models are often represented by electrical circuits, using electrical-mechanical and electrical-fluid analogs.
Procedures to estimate model parameters for an individual patient during systole from experimental data have been described by several authors [4] , [5] , [8] . Each of these estimation procedures was designed to utilize specific measurements. Clark et al. [4] used the aortic pressure, brachial arterial pressure, left ventricular pressure, and left ventricular volume as measurements. Deswysen [8] and Deswysen et al. [5] estimated the systemic circulation parameters with the aortic pressure and the aortic flow as measurements. Recursive methods to track parameter values over time have been developed using recursive least squares [1] , [13] , auto-regressive models [14] , [15] , and a Kalman filter [8] , [9] . These estimators were also based on specific physiological measurements.
The measurements that are typically available from patients with impaired cardiovascular function change as the clinical environment changes. Extensive pressure and flow measurements can be obtained in the operating room. As the patient is relocated to the intensive care unit, then acute care, and finally long-term care facilities, however, measurement possibilities, particularly those based on invasive techniques, are reduced. When a measurement becomes unavailable, the ability to identify a particular circulatory model changes. The estimator may no longer converge for some of the parameters, or parameter accuracy may be decreased. Since the previous parameter estimation approaches were based on specific physiological measurements, these estimators have to be reformulated when the available measurements change.
There are other limitations with some of the previous estimators. Most of the estimators mentioned above [1] , [4] , [5] , [13] identify the parameters only during the ejection phase of the cardiac cycle and may not be able to characterize the vascular bed properties in diastole because some of the system parameters are pressure dependent [16] , [17] . Also, transforming the discrete estimates to express the parameters of a continuous model may lead to errors due to lack of a unique transformation between the discrete and continuous-time domains. This paper describes an estimation procedure based on an extended Kalman filter (EKF) that can estimate the state variables (pressures and flows) and the model parameters simultaneously. A continuous-time model is used, and estimates can be obtained using arbitrary sets of discrete measurements. For preliminary evaluation of effectiveness of the EKF, the estimator is applied to data from a computer simulation model and from an open-heart surgery patient, and effects on system identification of the availability of different sets of measurements are systematically investigated. The organization of the paper is as follows. The model of the cardiovascular system used in this study and the physiologic meanings of the model parameters and variables are reviewed in Section II. The estimation method and estimation algorithm are presented in Section III. The effects of availability of measurements on the identifiability of the individual model parameters are discussed in Section IV, and results from using the estimator with data from computer simulation and from an open-heart surgery patient are presented in Section V. Computer simulation results are discussed in Section VI, and some directions for further work are suggested.
II. CARDIOVASCULAR MODEL
The cardiovascular system model considered in this paper, shown in Fig. 1 [11] , consists of the left ventricle as a timevarying capacitance, the systemic circulation as a four-element modified windkessel model [5] , the pulmonary circulation and left atrium as a single capacitance, and the heart valves as diodes in series with resistors. The physiological meaning of the model parameters and variables are summarized in Tables I  and II. The system is nonlinear because of the presence of the heart valves. To simplify the estimation procedure, the diodes were assumed to be ideal. Based on the states (on or off) of the diodes, the cardiac cycle can be divided into four linear intervals [18] as indicated in Fig. 2 will be more accurate than using the parameters obtained only from the ejection phase if the model parameters are pressure dependent, as has been suggested [16] , [17] .
III. ESTIMATION ALGORITHM
An EKF [19] for a continuous-time model with discrete measurements was chosen to estimate the vascular bed parameters. This estimator allows the parameters to be included as state variables and estimated simultaneously with the other variables. Different sets of measurements can be used in the EKF without changing the entire algorithm.
In the ejection phase the differential equations of the model can be written as (1) Including the model parameters as states of the system, the state vector can be defined as (2) where , and . The state equations can be written as (1) , augmented by equations for the model parameters in which the time derivatives are set to zero.
A noise term representing model uncertainty, assumed to be a zero mean white Gaussian process, , was also included in the state equations.
describes the level of confidence in the estimates of the state variables [20] . When elements in have large values, the confidence in the corresponding state estimates are lower. In this paper, was assumed to be constant over time. The system dynamic equations can then be expressed as (3) where (4) and . The measurement vector, , is , is also assumed to be a white Gaussian process with . In the passive filling phase, since there is no aortic flow, the peripheral pressure is approximately equal to the aortic pressure
. The differential equations during cardiac filling can be written as (6) In this phase, the state vector is (7) where , and . The state-space system equations augmented by the unknown model parameters can be expressed in the form of (3) with (8) and . is a noise term representing model uncertainty, again assumed to be a zero mean white Gaussian process, . The measurement vector is (9) where if and are measurable, if only is measurable, and if only is measurable.
is a white Gaussian process to represent measurement noise, with . In the filling phase, if the left ventricular pressure is a measurable output instead of , the system equations are the same as in (6) , but the state vector is redefined as (10) where , and . The system dynamic equations in matrix form can be written as (3) with (11) , is a Gaussian white process with . Since and are zero in the isovolumic phases ( and are off), unique solutions for the individual parameters do not exist, and only time constants and can be obtained by solving two differential equations using and as measurements. Table III summarizes the system equations, available measurements, and model parameters that can be estimated for each interval of the cardiac cycle.
IV. IDENTIFIABILITIY OF THE MODEL PARAMETERS
Whether a system model can be identified depends on the measurements that are available [21] . This section determines the minimum measurement sets required for the cardiovascular system model so that studies to evaluate the performance of the estimator will incorporate adequate measurement data.
If the model parameters can be determined from the input-output transfer function coefficients, unique solutions of the parameters exist. The signals that can be measured from the system during ejection are left atrial pressure , aortic pressure , and aortic flow . During filling, the relevant measurements are and venous return flow . These signals were used to identify individual model parameters during different phases of the cardiac cycle.
During the ejection phase, was used as the system input and and were the measurable state variables. When and are both measurable, the transfer function can be expressed as (13) where , and
, and . The model parameters can then be solved in terms of the coefficients of in (13) Hence, the individual model parameters are identifiable if and are measurable during the ejection phase. If and are measurable but not , the transfer function is (14) Since the individual model parameters cannot be determined from the coefficients of , the parameters are not identifiable with and in the ejection phase. In the filling phase, the venous return flow, , was used as the system input, and and were used as output measurements. When and are measurable, the transfer function, , can be written as (15) where and . The model parameters can be solved from the coefficients of in (15) as When and are measurable, the transfer function, , can be expressed as (16) where . The model parameters can be solved from the coefficients of (16) as If only and are measurable, the transfer function, , can be written as (17) A unique solution of the model parameters cannot be obtained if only the coefficients of can be estimated, and the individual model parameters are not identifiable in this case. To summarize, the model parameters can be identified with at least and as measurements in the ejection phase and with and either or in the filling phase. These minimum measurement sets, augmented by additional measurements, will be used in the performance evaluation studies described below.
V. PERFORMANCE EVALUATION OF THE ESTIMATOR
The estimation algorithm described in Section III was implemented in MATLAB 1 and applied to data from a computer simulation [11] and to human data obtained during openheart surgery. The use of EKF to estimate the vascular bed parameters during the ejection phase and during the filling phase was tested independently. Since and are required measurements in the ejection phase, while and either or are necessary in the filling phase, these measurements were chosen to test the estimator.
The estimation procedure requires knowledge of the measurement noise covariance, , the plant noise covariance, , and the initial error covariance, [19] . Inappropriate settings of these terms would result in slow convergence or divergence of the estimates [20] . In order to determine the appropriate values of these covariance matrices, the estimators for ejection and filling were both applied to simulation data during a single heart beat, using model parameters initialized to the known correct values. This test also assessed the stability 1 The MathWorks Inc., Natick, MA.
of the estimators and provided an indication of estimation performance with different measurement sets.
Then, estimator performance during heart ejection when model parameters are initialized to incorrect values was considered. In this case, the estimator was run over multiple heart beats to allow time for the parameter to converge. Random noises were added to the pressure and flow measurements to describe the effects of measurement noise. Finally, the estimation procedure was applied to data obtained from a patient during open-heart surgery, in which left ventricular pressure and aortic flow measurements were available.
A. Parameter Estimation in a Single Heart Beat Using Simulation Data
To determine the appropriate values for and , estimation using simulated data, for which the initial model parameter values were set to the actual values used in simulation, were run. The values of and were adjusted in this test to ensure that all of the predicted errors of the state variables were bounded by the standard deviations predicted by the estimator with these values. The estimates converged during a single cardiac cycle.
was set to be an identity matrix for all in all cases. The appropriate values of and used in the estimation during heart ejection and filling are listed in Table IV . Fig. 3 shows estimation results obtained during the ejection phase, using and as measurements. The first column shows the parameter estimates during ejection, and the second column shows the predicted errors and the standard deviations of the parameters. The convergence of the parameter estimates in the filling phase using and as measurements is shown in Fig. 4 . Table V shows the final parameters values obtained by the estimator using different sets of measurements. The actual values used in the simulation are also listed. A blank cell indicates a parameter that cannot be identified for that condition. The percent errors between the final estimated values and the actual parameter values, defined by %
where is the actual parameter value in the computer simulation [11] , were used as the quantitative indexes for the accuracy of the estimates. This error is indicated in parentheses in Table V . These results provide a comparison of performance with different measurement sets, since differences due to convergence problems have been minimized by starting parameters at their true values.
In the ejection phase, all parameters can be estimated by the EKF with and as measurements, but not as accurately as when is also used. is an important measurement to make the EKF converge rapidly, due to the small effect of on the input impedance of the systemic circulation. In the filling phase, and either or are necessary to identify the parameters, and the estimates are improved if is also available.
B. Robustness of the Estimator to Parameter Initialization
The estimator requires initialization of the model parameters. If these initial settings are not close to the actual values, it may take longer for the estimates to converge, or the estimates may not converge at all. In clinical applications, these parameter values would be unknown, and it is necessary to describe the ability of the estimator to converge to the appropriate values. An additional set of simulations was performed in which a noise component was added to the measurement signals. These simulations mimic the actual clinical situations, with unknown initial parameter values and noisy measurements.
The estimator performance was determined during ejection using and as measurements. The estimation used multiple cardiac cycles because the estimator required more than one cardiac cycle to converge. At the beginning of each heart ejection, the state variables, and were reset to the values of and where is the end-diastolic arterial pressure and is the end-diastolic left atrial pressure, while the first 3 3 submatrix in the covariance matrix, , related to the state estimates, was reset to be , where is an identity matrix. These adjustments reduced the transient of the estimates when a new cycle was started and improved the tracking ability of the estimator. The estimator was evaluated by initializing the parameters as 0.5, 1.1, and 1.5 times the actual values. In addition, ten random selections of initial values from a normal distribution of , where represents the actual parameter values in simulation, were used. The estimator was first tested by using data from simulation as measurements. Then, random noise was added to the measurement signals (19) where is the th measurement at time is the th noise-free signal at time from simulation, and the th measurement noise at time is a normal distribution proportional to the signal. The values %, the percentage error of the aortic flow measurement, and %, the percentage of the left atrial pressure measurement, were used. These values were two times the percentage errors described by the sensors' manufactures. The and obtained from the previous test, listed in Table IV , were used to start the estimator. The measurement noise covariance was set to be identity for the estimator test using noise free data. For the estimation test with measurement noises, was set to obtained by calculating the covariance of the error between the measurement vector and the signal vector. The estimator was stopped when all parameter estimates changed by less than 5% during a complete cardiac cycle and the mean percentage error, defined by % (20) where is the th parameter estimate, is the actual value of , and is the number of unknown parameters, was less than 5%. The final estimates were used as the steady-state values of the parameters. The total number of cardiac cycles to reach the steady state was used as the index of convergence speed.
The ability of the EKF to estimate the systemic circulation input impedance was also used as a measure of performance. In studies of patients, the actual cardiovascular model parameters are not known. However, the vascular bed input impedance , which provides information about the physical state of the vascular system and the load faced by the left ventricle [22] , [23] , is often used as an index of the status of health of the circulation. If the input impedance generated from the EKF estimates is close to the impedance calculated from the measured and signals, the estimated values would be acceptable. The percentage of mean normalized error (MNE) of the input impedance, defined by % (21) where is the impedance calculated from the actual parameter values and is the impedance from the estimates, was used to characterize the accuracy index of the estimates. Since the model being estimated has infinite impedance at zero frequency, the impedance comparison was started at Hz. Fig. 5(a) shows one of the ten random parameter initialization tests using noise-free data from simulation, and Fig. 5(b) shows one of the same tests using noisy measurement data. The steady-state parameter values, the number of cardiac cycles to converge, and the MNE of the impedance for all of the tests are shown in Table VI . The actual parameter values used in the simulation are also listed. The error in the impedance is small, since the simulation can be exactly described by a linear circuit. The final values of the estimates are close to the actual values. The estimates converged more quickly if the initial estimates were closer to the actual parameters. When the additive noises were applied to the measurements, the estimates approached to the actual values but took longer to converge. The input impedances calculated from the steadystate estimates are compared to impedances obtained from the actual parameter values in Figs. 6 and 7, where SV represents the actual parameter values in simulation.
C. Application to Human Data
The estimation scheme in the ejection phase was also applied to left ventricular pressure and aortic flow measurements obtained from a patient undergoing coronary bypass surgery. A 4F high-fidelity fiber-optic pressure catheter (Camino Laboratories, San Diego, CA) was advanced into the left ventricle through a small incision in the right superior pulmonary vein to measure . Aortic flow was measured by an electromagnetic flow probe placed around the ascending aorta. All signals were sampled by a data acquisition system (model RTS-132, Significat, Hudson, MA) at a sampling rate of 150 Hz and stored on a computer workstation (Apollo Computer Inc., model DN3550, Chelmsford, MA). Left ventricular ejection period was determined by the period between the first and second zero crossing of .
was used in place of because is close to during the ejection phase. The measurement waveforms used for estimation are shown in Fig. 8 .
The performance of the estimator is shown in Fig. 9 , and the steady-state vascular bed parameters estimated by EKF are summarized in Table VII. The parameter values for  and are close to those used in the computer simulations, which were selected to represent a normal cardiovascular system, and the remaining parameters were within 20% to 30% of the simulation values. These parameter estimates yield a higher systemic circulation input impedance at low frequency than the impedance calculated directly from the measurements, as shown in Fig. 10 . The remainder of the impedance function was of the same order of magnitude as the function obtained directly, although the former showed a minimum at 7 Hz, while the latter was uniform across frequency.
VI. DISCUSSION
An online estimator based on the EKF algorithm was developed for the estimation of vascular bed parameters. The parameters were estimated using a continuous-time model, so that no discrete-to-continuous domain conversion was required. This estimator can be used with different available measurements without reformulating the entire algorithm.
The estimator requires at least two measurements to identify the individual parameters of the vascular bed. In the ejection phase, all parameters can be estimated by the EKF with the aortic pressure and the aortic flow as measurements. The estimator was found to converge more quickly with more accurate results when the left atrial pressure is also used. In the filling phase, the venous return flow and either left ventricular pressure or the left atrial pressure are necessary to identify the parameters, and the results are more accurate if the aortic pressure is also available.
When the parameters are initialized close to their actual values, computer simulation showed that the estimates approached the steady state in less than 15 cardiac cycles with noise-free measurements and in less than 140 cardiac cycles with noisy measurements. To obtain rapid convergence, it would be desirable to start the estimator by using initial parameter estimates from least square estimation. If the initial estimates are not close to their actual values, the estimation can be performed over multiple cardiac cycles by resetting the state variables and the state covariance at the start of each cycle until the estimates converge. The estimator was able to converge for initial estimates of 50% to 150% of the correct values. In most clinical situations, initial estimates of these parameters could be obtained within this range. The estimator can converge within 120 cardiac cycles (about 1-2 min) using perfect measurements and within 500 cardiac cycles (about 5-10 min) or less with noisy measurements. The estimates can be used to represent the input impedance of the circulation with reasonable accuracy.
These estimates produce a higher input impedance at zero frequency than the input impedance calculated directly from the measurements. The higher input impedance may be due to bias from the use of incorrect noise statistics in the EKF [24] . Since clinical data are noisier than the simulation model results, it would be beneficial to characterize the plant noise statistics for further application to human clinical data. Another possible reason for biased estimates may be from the low sampling rate used. The EKF uses a linear approximation of the system dynamics over a small range of current state estimates. If the sampling rate is too low, the approximation range is too large and may be inaccurate. Under this condition, either increasing the sampling rate to reduce the approximation range or including second-order terms in the estimator may be helpful [25] . Finally, the very low-frequency impedance value may be affected by the pulmonary circulation. This effect would not be included in the model here, in which the pulmonary circulation was represented by a simple compliance.
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